The objective of this study was to assess spatial variability of soil properties and crop yield under no tillage as a function of time, in two soil/climate conditions in São Paulo State, Brazil. The two sites measured approximately one hectare each and were cultivated with crop sequences which included corn, soybean, cotton, oats, black oats, wheat, rye, rice and green manure. Soil fertility, soil physical properties and crop yield were measured in a 10-m grid. The soils were a Dusky Red Latossol (Oxisol) and a Red Yellow Latossol (Ultisol). Soil sampling was performed in each field every two years after harvesting of the summer crop. Crop yield was measured at the end of each crop cycle, in 2 x 2.5 m sub plots. Data were analysed using semivariogram analysis and kriging interpolation for contour map generation. Yield maps were constructed in order to visually compare the variability of yields, the variability of the yield components and related soil properties. The results show that the factors affecting the variability of crop yield varies from one crop to another. The changes in yield from one year to another suggest that the causes of variability may change with time. The changes with time for the cross semivariogram between phosphorus in leaves and soybean yield is another evidence of this result.
INTRODUCTION
The need to produce food and fibber for a growing population without causing environmental degradation, increases the demand for deeper knowledge of the variables involved in the production system. Very often, the process of depleting the soil of its natural resources when submitted to any given agricultural production system is caused by an unbalance between what is put and what is taken out of the soil. Loss of organic matter due to cultivation without restoration may initiate physical degradation processes.
This usually begins with some damage to the soil structure, impeding water and air flow, and ends with desertification. There are reports that soil degradation affects approximately one third of the world land surface (LAL, 1988) . In this situation, the knowledge of the spatial variability of soil attributes and crop production components is essential.
Soil, as a natural resource, has variability inherent to how the soil formation factors interact within the landscape. However, variability can occur also as a result of cultivation, land use and erosion. SALVIANO (1996) reported spatial variability in soil attributes as a result of land degradation due to erosion. Spatial variability of soil properties has been long known to exist and has to be taken into account every time field sampling is performed. There have been reports of spatial variability of soil properties, mostly affecting crop yield, since the beginning of this century (MONTGOMERY, 1913; WAYNICK, 1918; HARRIS, 1920) , but a comprehensive tool to analyse spatial variability was not available until 1971 (MATHERON, 1971) . It is called geostatistics and has been intensively used in soil science and other agronomic properties during the last two decades (VIEIRA MCBRATNEY and WEBSTER, 1981; MCBRATNEY et al., 1982; VIEIRA et al. 1983; VIEIRA et al. 1988; VIEIRA et al. 1991; VIEIRA and LOMBARDI NETO, 1995; VIEIRA et al., 1997; .
Applications of classical statistics have limited the use of methodologies applied to soil management. In order to compare treatments, the classical statistical experimental design requires that the variable under investigation be normally distributed and be spatially independent (SNEDECOR and COCHRAN, 1967) . VIEIRA and DE MARIA (1994) refer to the need to use large plots in soil management experiments, which unavoidably leads to the confrontation with variability within the experimental plot. Soil properties and crop yield components, instead of having random spatial distributions, have been reported to have spatial dependence, meaning that the observations are somehow related to their neighbours (VAUCLIN et al., 1982; VIEIRA et al., 1983; PREVEDELLO, 1987; MILLER et al., 1988; Souza, 1992; MULLA, 1993) . It seems obvious that the existence of spatial dependence is scale dependent. found spatial dependence for soil fertility properties within an experimental plot of 30 by 30 m. On the other hand, the mean annual rainfall in the state of São Paulo, Brazil showed spatial dependence up to 70 km (VIEIRA and LOMBARDI NETO, 1995) . The assessment of spatial dependence requires the application of geostatistical procedures such as the analysis of scaled semivariograms using kriging VIEIRA and LOMBARDI NETO, 1995; , cokriging (VAUCLIN et al., 1983) and analysing maps produced with the interpolated values. This paper shows the use of geostatistics in the analyses of spatial variability of annual crop yield data under zero tillage in two sites within the state of São Paulo. The objective was to assess the spatial variability of grain yield components and soil properties under no tillage, using appropriate statistical tools.
MATERIALS AND METHODS

Description of the experimental sites
At the Campinas Experimental Centre of Instituto Agronômico, in Campinas, State of São Paulo, Brazil, the experimental area is located on a Dusky Red Latossol (LRd) (Oxisol), in a field of 80 x 80 meters, with about 10% slope, on which a 10 x 10 m grid of 81 sampling points was laid down. The experimental area was regularly sampled every harvest time for the summer and winter crops in 2 x 2.5 m subplots, by cutting and weighing all mass above the soil. Bragantia, Campinas, v.62, n.1, p.127-138, 2003 Soil physical and chemical properties were sampled at the same points every two years during the time interval between harvesting of summer crop and planting of the winter crop.
At the Votuporanga Experimental Station of Instituto Agronômico, located in Votuporanga, State of São Paulo, Brazil, a one ha field of 7% slope on a Red Yellow Latossol (LVa) (Ultisol), of 110 sampling points on a 10 x 10 m grid has been planted with irrigated annual crops for the last 10 years.
Sampling for soil physical and chemical characterisation was performed in January 1994. Crop yield sampling was carried out as described for the LRd field above.
Methods of sampling and analysis
Soil and plant sampling for chemical analysis
Soil samples were taken from each one of the sampling points at 0-10, 10-20, 20-40 and 40-60 cm, for texture and soil chemical analysis. Soil texture was performed using the pipette method for the clay and silt fractions, and sieving for 5 sand fractions, according to CAMARGO et al. (1986) , while routine soil chemical analysis was carried out using the methods recommended by RAIJ and QUAGGIO (1983) . Plant leaves were analysed according to the methods recommended by SARRUGE and HAAG (1974) .
Crop yield components
The crop yield components were measured in plots of 2 x 2.5m, adjacent to the sampling points, measuring the final crop population, the total amount of straw and grain for each one of the crops.
Statistical methods
When data are sampled in such a way as to allow for the application of geostatistical analysis, the spatial dependence, according to VIEIRA et al. (1983) can be evaluated by examining the semivariogram, which can be calculated using equation 1,
increases with distance and stabilises at the a priori variance value, it means that the variable under study is spatially correlated and all neighbours within the correlation range can be used to interpolate values where they were not measured. Semivariograms may be scaled by dividing each semivariance value by a constant such as the square of the mean and the variance value, as it was suggested by .
When semivariograms are calculated using equation 1, the result is a set of discrete values of distances along with the corresponding semivariances. Because any geostatistical calculation will require semivariances for any distance within the measured domain, there is a need to fit a mathematical model which would describe the variability. VIEIRA (2000) describes the model fitting process and the cross validation of the fitted models. In this paper, the semivariograms used were all fitted to the spherical model, which is
where C 0 is the nugget effect, C 1 is the structural variance and a the range of spatial dependence. These are the three parameters used in the semivariogram model fitting. Models were fit using least squares minimization and judgement of the coefficient of determination. Whenever there was any doubt on the parameters and model fit, the jack knifing procedure was used to validate the model, according to VIEIRA (2000) .
Using the values interpolated by the kriging method, contour or tri-dimensional maps can be precisely built, examined and compared for each of the crop yield and soil properties variables.
RESULTS AND DISCUSSION
The spatial behaviour of the soil and plant attributes was evaluated through their semivariograms along with the models fit to them, as shown in figures 1 to 7.
where N(h) is the number of pairs of values Z(x i ), Z(x i +h) separated by a vector h. If the semivariogram Figure 1 shows the semivariograms for clay, pH, sodium and carbon on the LVa (Ultisol), at 0-10cm depth. The parameters for the models corresponding to the semivariograms shown in figure 1 are in table 1. As it can be seen, the ranges of spatial dependences show a large variation (from 18.12m for clay up to 44.80m for carbon).
The semivariogram for clay content shows a zero nugget effect value a low range of spatial dependence. The zero nugget effect value indicates a very smooth spatial continuity between neighbouring points.
On the other hand, the low range of spatial dependence (18.12m) indicates that this continuity The sixth column of table 1 shows the proportion of the nugget effect values to the sill. This is called the correlation ratio, whose closeness to zero indicates the continuity in the spatial dependence.
The knowledge of the spatial variability of organic carbon and pH may be important for understanding the variance structure of crop yield and how they can be related. The LVa soil is of medium texture and has approximately 30% fine sand in the 0-10cm layer. In this situation, the organic carbon content may be even more important in terms of explaining the variability of crop yield. Spatial variation of clay content, somewhat different from pH and organic carbon, may cause difficulty in the judgment of the yield variability, as the crops somehow integrate these factors over the area. Because of the nature of these attributes with many factors affecting them in different proportions across the landscape, they are so variable from place to place as compared to clay content, as indicated by their correlation ratios.
Remembering that the semivariogram is a result of the mean squared differences between the neighbouring values, the graphs in figure 1 show that values close together are more similar than those farther apart, in the order clay>carbon>sodium>pH. The increase in the semivariance with distance guarantees that statement.
Spatial dependence between neighbouring observations for soybean yield parameters on the LVa (Ultisol) are shown through the semivariograms of total mass, stand and yield in figure 2. One different spherical model was adjusted to each of them. The corresponding parameters for the models fit to the semivariograms are shown in table 2.
The semivariograms for total mass (Figure 2a ) and for soybean plant population density(stand) (figure 2b) are somewhat similar in shape, with very similar ranges of spatial dependence (44.8m and 45.0m, respectively, table 2).
However, their correlation ratio (sixth column on table 2) is very different (0.5 and 0.38, respectively). Therefore, the plant population may not be the main factor which is affecting the spatial variability of the total soybean mass. Besides, the soybean yield showed an yet much distinct semivariogram, whose range of correlation is about half that of the plant population and total mass. Naturally, crop yield is a variable that integrates the spatial variability of many other factors such as soil fertility, available water, and including plant population. For this reason, and this small scale (about 1ha) the influence of any factor individually does not show with enough evidence as to reflect in the yield map.
The semivariogram model fit to the experimental values is such that their parameters were chosen in order to minimize the sum of squares of deviation between the model and the actual semivariance values. Again, the slopes of the fitted models at distances smaller than the correlation range (44.8, 45.0 and 23.0 meters, table 2) guarantee that these attributes have continuity from place to place, and also supports the geostatistical expansion from point observations to a continuous map.
Similarly, the semivariograms for rice yield parameters shown in figure 3 , exhibits a structured spatial behaviour. The correlation range for the rice mass is smaller than the corresponding one for soybean, and the range for the semivariogram for rice yield is larger than that of the soybean yield (table 2) . On the other hand, rice mass and rice yield seem to have a spatial variability more related to each other, as their semivariograms have more similar parameters when compared to those for the soybean (table 2) . That means that the rice yield over the area is closely related to the corresponding total mass. Considering that these two crops were grown on the exact same field in two consecutive years, the semivariograms for soybean yield (Figure 2c) ) and for rice yield ( Figure  3b) ) express very different variability. The variability for soybean is more continuous at short distances as indicated by the correlation ratio of 0.4 for soybean as compared to 0.7 for rice (table 2) . On the other hand, soybean yield loses continuity at shorter distances (23m) It should also be emphasized that the semivariograms for the yields and components shown in figures 2 and 3, are for the same experimental site as that for pH and organic carbon, shown in figure 1 and that they all have a similar range of correlation somewhere in the neighbourhood of 40 m, except for clay content. This may be an indication that the yield variability may be related to these soil chemical properties, even though the results indicate that the relationship to any factors may change from one crop to the other. The reasons for such a change in variability from one crop to the other can be numerous. First of all, different crops react in distinct ways to the soil conditions, and so, soybean and rice, in addition to that, are leguminous and grass.
The variability of the soybean and winter crops yield on LRd (Oxisol) is expressed through the semivariograms shown in figure 4 and 5 and the corresponding parameters for the models fit are shown in tables 3 and 4. It can be seen from the difference in the semivariograms that the spatial behaviour of the soybean yield (figure 4) changes from one year to another, probably due to climatic changes favouring crop growth and production in different ways over the field.
For instance, the soybean crop yield in 1988 may be considered to have a pure nugget effect while in 1987 it shows a very well defined spatial structure.
The winter crops ( Figure 5 ) have a more similar variability among themselves than the soybean. One of the possible causes for this is that there were less weeds during the winter cropping seasons and they were less aggressive for the winter cropping seasons.
Figures 6 and 7 show the semivariograms for the leaf chemical analysis and soybean yield together. The corresponding parameters for the models fit to the semivariograms are shown in tables 5 and 6, respectively for figures 6 and 7. The comparison between these semivariograms indicates that the leaf analysis also changes from one year to the other and so does the relationship between the results and crop yield. The semivariograms shown in Figures 6 and 7 are very distinct not only on range of correlation but also in the nugget effect value. This is an indication that the variability changes both small and large distances between different years. There is thus a need for more research in order to verify these results. Bragantia The spatial relationship between P in the leaves and the soybean grain yield in 1988 is shown in the cross semivariogram in figure 8 . VIEIRA et al. (1987) found spatial dependence between residual P fertiliser from grapes and the total mass of green manure Crotalaria junceae. The spherical model fitted to the experimental cross semivariances (table 7) with a nugget effect value of 0.0, a sill of 9.5 and a range of 65.0m is shown along with the experimental cross semivariogram values. Thus, it is possible to use this spatial correlation between them and to use cokriging to estimate one of them, for instance, the soybean yield. VAUCLIN et al. (1983) showed that cokriging could be used for variables that have been sampled in fewer places but the gain in estimation variance with respect to ordinary kriging is small.
The cross semivariogram between Phosphorus in the leaves and yield of soybean for 1986 did not show a clear relationship. This also indicates that the cause of variability may change with time.
The maps obtained through kriging are shown in figures 9 and 10, for rice and soybean yields, respectively. The comparison of these maps may be useful in the interpretation of the results. Campinas, SP, Brazil, in 1985 (a), 1987 (b), 1988 (c), and 1990 . For instance, there is an area of low yield on the left part of figure 9, which is probably due to compaction where the tractors and machinery make turns. On the other hand, the yield map for soybean (Figure 10 ), indicates high values for many the regions in which the rice yield map (Figure 9) showed low values. It is possible that the factors affecting rice yield are different from those affecting the soybean.
CONCLUSIONS
The existence of spatial dependence allowed the construction of yield maps with known precision using kriging interpolation. This way, visual comparison of yield map for different crops and evaluation of the spatial variability of the yield components and related soil properties was possible. The spatial distribution of rice yield is different from soybean yield. It is possible that the factors affecting the variability of rice yield are not the same than for soybean. The change with time in the cross semivariogram between phosphorus in the leaves and soybean yield indicates that the causes of variability may change with time.
